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 i 
Abstract 90 
 91 
An extreme precipitation categorization scheme, developed to temporally and 92 
spatially visualize and track the multi-scale variability of extreme precipitation 93 
climatology, is introduced over the continental United States and used as the basis for an 94 
observational dataset intercomparison. The categorization scheme groups three-day 95 
precipitation totals exceeding 100 mm into five precipitation categories, or “P-Cats”. To 96 
assess observational uncertainty across a range of precipitation measurement approaches, 97 
we compare in situ station data from the Global Historical Climatology Network-Daily 98 
(GHCN-D), satellite derived data from the Tropical Rainfall Measuring Mission 99 
(TRMM), gridded station data from the Parameter-elevation Regression on Independent 100 
Slopes Model (PRISM), global reanalysis from the Modern-Era Retrospective analysis 101 
for Research and Applications, version 2 (MERRA 2), and regional reanalysis from the 102 
North American Regional Reanalysis (NARR). While all datasets capture the principal 103 
spatial patterns of extreme precipitation climatology, results show considerable 104 
variability across the five-platform suite in P-Cat frequency, spatial extent, and 105 
magnitude. Higher resolution datasets, PRISM and TRMM, most closely resemble 106 
GHCN-D and capture a greater frequency of high-end totals relative to lower resolution 107 
products, NARR and MERRA-2. When all datasets are regridded to a common coarser 108 
grid, differences persist with datasets originally constructed at a high resolution 109 
maintaining the highest frequency and magnitude of P-Cats. Potential future applications 110 
of this scheme include tracking change in P-Cats over space and time, climate model 111 
evaluation, and assessment of model projected change. 112 
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Chapter 1: Introduction and Review of Relevant Literature 330 
1.1: Motivation and Research Objectives 331 
Extreme precipitation is associated with a multitude of societal and environmental 332 
impacts across the United States (US). Often accompanying severe weather events, 333 
including hurricanes, snowstorms, and atmospheric river (AR) landfalls, these events 334 
pose threat to property, agriculture, infrastructure, and human life while also playing a 335 
key role in the water budget (Kunkel et al. 2013). According to the 2017 National 336 
Climate Assessment (NCA) Climate Science Special Report, climate change is projected 337 
to alter the frequency, severity, and seasonality of extreme precipitation across the US 338 
(Easterling et al. 2017). Climate change mitigation policies and adaption initiatives are 339 
greatly influenced by societal vulnerabilities to climate impacts like those associated with 340 
extreme precipitation. Therefore, a comprehensive understanding and intuitive way to 341 
track and project change across space and time, at impacts-relevant scales, is critical in 342 
order to best prepare for and adapt to change.  343 
Increasing trends in extreme precipitation events have been observed over the 344 
contiguous United States (CONUS) using a range of detection and analysis methods 345 
(Karl et al. 1995; Karl and Knight 1998; Kunkel et al. 1999, 2007, 2012, 2013; Alexander 346 
et al. 2006; Easterling et al. 2017). Climate model projections of future change in global 347 
precipitation generally follow the Clausius-Clapeyron relationship, projecting the 348 
atmosphere’s water holding capacity to increase exponentially with temperature at 349 
roughly 7% per degree warming (Allen and Ingram 2002; Trenberth et al. 2003; Pall et 350 
al. 2007). Consistent with these expectations, a number of recent studies have attributed 351 
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anthropogenic climatic warming to increases in the severity of recent extreme 352 
precipitation events over the US, including the Colorado floods of 2013 (Pall et al. 2013; 353 
Gochis et al. 2015) and the 2016 Louisiana event (Wang, Zhao, and Gillies 2016). 354 
However, in most cases the sign and magnitude of changes in extreme precipitation are 355 
not immediately apparent from observational analysis at regional scales. With 356 
anthropogenic climate change projected to alter trends in precipitation intensity across 357 
portions of the CONUS (Min et al. 2011, 2013; Zhang et al. 2013; Easterling et al. 2017), 358 
a spatial understanding and intuitive means of monitoring extreme precipitation over time 359 
is imperative. 360 
Toward this end, we present an extreme precipitation categorization scheme, 361 
motivated by a need for an intuitive pointwise climate indicator for extreme precipitation 362 
at scales relevant to societal and environmental impacts. The approach, which assigns 363 
extreme precipitation categories, based on 3-day storm totals, at each data point (i.e. grid 364 
cell or gauge station), is designed to be intuitive and easily interpretable, informing on 365 
variability and change at local, regional, and global scales. The usefulness and utility of 366 
this monitoring scheme is further demonstrated through its application as the basis for a 367 
dataset intercomparison to assess observational uncertainty across a wide range of 368 
historical precipitation measurement approaches. This indicator is intended to serve the 369 
scientific community by providing an intuitive metric for assessing observed and 370 
projected changes in extreme precipitation climatology, while also being useful and 371 
interpretable to a broad range of user communities and stakeholders. The ability of the 372 
climate indicator to provide regional information suits stakeholders at the local to state 373 
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level, within both private and public sectors, including agricultural and construction 374 
interests, local and state governments, as well as urban planners. As an intuitive long- 375 
term monitoring tool, it will allow users to identify if their region has been experiencing 376 
changes in the frequency and intensity of precipitation extremes.   377 
 378 
1.2: Literature Review 379 
1.2.1: Observed Trends in Extreme Precipitation across the CONUS  380 
Extreme precipitation results from a range of mechanisms across the CONUS with 381 
strong seasonality and interannual variability, generating impacts with wide regional 382 
variation. For example, a majority of the extreme wintertime precipitation across the 383 
western US results from landfalling atmospheric rivers (AR) (Neiman et al. 2008a, 384 
2008b; Ralph and Dettinger 2011, 2012). ARs cause devastating environmental impacts, 385 
including flooding, landslides, and debris flows (Ralph et al. 2006; Dettinger 2011).  386 
However, ARs also yield important beneficial outcomes providing 30%-50% of the 387 
regions annual precipitation in addition to valuable snowfall at higher elevations (Guan et 388 
al. 2010, 2013; Dettinger et al 2011). Another example are the warm season extreme 389 
rainfall events over the southeastern US driven by landfalling tropical cyclones (TC) 390 
(Knight and Davis 2009; Knutson et al. 2010; Kunkel et al. 2010). The geography and 391 
topography of this region make it more prone to long duration river flooding compared to 392 
the West. While not as extreme, other regions, such as the Great Plains in the spring and 393 
the Northeast in the summer, experience heavy and impactful storms from strong 394 
convective systems resulting in increased flood frequency and severity. 395 
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Numerous studies have identified increasing trends in the frequency and intensity of 396 
extreme precipitation regionally across the CONUS (Karl et al. 1995; Karl and Knight 397 
1998; Kunkel et al. 1999, 2013; Janssen et al. 2014, 2016; Easterling et al. 2017) as well 398 
as globally (Lehmann et al. 2015; Donat et al. 2016). The most notable upward trends 399 
have been observed in the Northeast and Midwest (Kunkel et al. 2013; Janssen et al. 400 
2014; Easterling et al. 2017). Focusing on the Northeast, changes have been observed and 401 
quantified using extremes indices highlighting the interaction between atmospheric 402 
modes of variability and extreme precipitation (Griffiths and Bradley 2007; Brown et al. 403 
2010). Increases in the contribution of specific meteorological mechanisms have also 404 
been observed, including TCs along the southeastern Atlantic coastal states (Knight and 405 
Davis 2009; Knutson et al. 2010; Kunkel et al. 2010) and ARs across the West (Dettinger 406 
et al. 2011; Gao et al. 2015; Warner et al. 2015). Furthermore, understanding observed 407 
and projected changes in the frequency and intensity of precipitation extremes and the 408 
associated dynamics is still an area of active research (e.g. Pratt and Nelson 2013; Gao et 409 
al. 2015; Behrangi et al. 2016; Mahoney et al. 2016; Lamjiri et al. 2017). Moreover, 410 
monitoring changes in precipitation extremes with regional specificity so as to capture the 411 
radically different meteorological realization of extremes is imperative for assessing 412 
projected change.   413 
 414 
1.2.2: Existing Monitoring Efforts  415 
 Several indices for studying extreme precipitation climatology and change have been 416 
developed and applied to a diverse set of datasets using a range of methods (Zhang et al. 417 
2011 and references therein). Frich et al. (2002), and further built upon by Alexander et 418 
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al. (2006), introduced a set of extremes indices known as the Expert Team on Climate 419 
Change Detection and Indices, developed as part of the World Climate Research 420 
Programme Project on Climate Variability and Predictability1. Trends in these indices 421 
have been updated and developed into a set of extremes indices using coarsely gridded 422 
station-based observations. These indices were designed to address a broad range of 423 
global climate information needs ranging from the frequency of precipitation threshold 424 
exceedances to the maximum length of wet spells.  425 
 Specific to the US, precipitation extremes have been monitored using the US Climate 426 
Extremes Index (Gleason et al. 2008), available through the National Centers for 427 
Environmental Information (NCEI)2. The US Environmental Protection Agency has also 428 
compiled a list of climate indicators, including one for annual heavy precipitation, which 429 
measures the percent of land over the CONUS that experiences heavy precipitation (US 430 
EPA 2016)3. While these approaches have proven concise and intuitive, information and 431 
monitoring at scales relevant to stakeholders is essential for informing environmental 432 
planning and decision-making. It is important that changes in the frequency of highly 433 
regionalized phenomena associated with extreme precipitation are recognizable and 434 
monitored at regionally relevant scales.   435 
   436 
1.2.3: Measuring and Constraining Uncertainty  437 
 The ability to understand and, where possible, constrain observational uncertainty is 438 
fundamental when visualizing and tracking extreme precipitation across space and time. 439 
                                               
1 https://www.climdex.org/indices.html 
2 http://www.ncdc.noaa.gov/extremes/cei 
3 https://www.epa.gov/climate-indicators/climate-change-indicators-heavy-precipitation 
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Furthermore, the approach used to estimate precipitation observations will likely play a 440 
substantial role in the level and geography of uncertainty. For example, remotely sensed 441 
precipitation measurement (TRMM and follow on GPM in this study) carries benefits 442 
over other methods in that satellite retrievals are spatially seamless regardless of in situ 443 
gauge density or quality. However, TRMM and GPM also have inherent biases (Chen et 444 
al. 2013; Tan, Petersen, Tokay 2016), such as deficiencies at detecting snow at higher 445 
elevations (Behrangi et al. 2014), which should be quantified relative to other state-of- 446 
the-art precipitation measurement products. Differences across products may stem from a 447 
variety of sources, including instrument sensitivities and retrieval algorithm biases for 448 
remote sensing (Ebert et al. 2007; Turk et al. 2008; Behrangi et al. 2014), analysis and 449 
modeling errors for reanalysis (Bukovsky and Karoly 2007; Hanson et al. 2007; 450 
Bosilovich et al. 2008; Reichle et al. 2017), spatial interpolation in gridded in situ 451 
products (Daly 2006), or spatial resolution (Herold et al. 2017). In situ station data is 452 
commonly accepted as a primary source for climatic studies and often used as a reference 453 
relative to other products. However, station observations are spatially heterogeneous and 454 
may be temporally inconsistent, creating observational gaps (Kidd et al. 2017). 455 
Furthermore, the ability to detect, analyze, and understand changes related to extreme 456 
precipitation is heavily dependent on the reliability of observations. 457 
 A number of precipitation climatology and dataset intercomparison studies have been 458 
conducted from global to regional scales (e.g. Adler et al. 2001; Guirguis and Avissar 459 
2008 respectively). Contractor et al. (2015) found large regional uncertainties in extreme 460 
precipitation magnitude, across a range of gridded products over Australia. Trends in 461 
 7 
precipitation extremes have also been assessed and determined to be spatially 462 
heterogeneous and described as both positive and negative depending on the dataset 463 
being used (Yin et al. 2015). Additionally, the high spatial and temporal variability 464 
characterizing precipitation extremes has produced exceedingly low agreement among a 465 
range of global precipitation measurement products (Donat et al. 2013). The substantial 466 
evidence of uncertainty across precipitation measurement products can therefore lower 467 
confidence in analysis results if this uncertainty is not carefully considered. Here we 468 
perform a comprehensive dataset intercomparison to provide additional insight into 469 
observational uncertainty as it pertains to the categorization scheme, assessing 470 
differences across a range of measurement approaches spanning in situ, gridded in situ, 471 
and global and regional reanalysis. 472 
 473 
 474 
 475 
 476 
 477 
 478 
 479 
 480 
 481 
 482 
 483 
 484 
 485 
 486 
 487 
 488 
 489 
 490 
 491 
 492 
 493 
 494 
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Chapter 2: Data 495 
2.1: Tropical Rainfall Measuring Mission (TRMM) 3B42V7 496 
Satellite-derived precipitation data are from NASA’s TRMM Multi-satellite 497 
Precipitation Analysis (TMPA) 3B42V7 product (Huffman et al. 2007; Huffman and 498 
Bolvin 2015). Prior to its decommissioning in 2015, TRMM was NASA’s flagship 499 
precipitation measurement product (Liu et al. 2012). The TRMM 3B42V7 is provided 500 
with a 3-hourly temporal and 0.25° latitude/longitude spatial resolution, extending 501 
globally from 50°N to 50°S latitude spanning the years 1998-2015. TRMM 502 
measurements are produced using microwave-calibrated infrared (IR) estimates from 503 
multiple geo-stationary earth-orbiting and low-earth orbiting satellites (Huffman et al. 504 
2007). The final precipitation estimates contain microwave-derived measurements and 505 
calibrated thermal IR-derived estimates. The spatial domain accounts for the tendency of 506 
microwave and IR estimates to lose skill at higher latitudes (Huffman et al. 2010). The 507 
3B42V7 product incorporates monthly in situ gauge observations from the Global 508 
Precipitation Climatology Center and the Climate Assessment and Monitoring System for 509 
bias adjustment.  510 
 511 
2.2: Global Precipitation Measuring Mission (GPM)  512 
The GPM Mission-Integrated Multi-Satellite Retrievals (IMERG) product was 513 
developed as an extension of TRMM 3B42V7 after it’s decommission. GPM data are 514 
provided at 0.1° latitude/longitude resolution every half hour between 60°N and 60°S 515 
latitude (Hou et al. 2014; Liu 2016). The GPM core observatory presents an increased 516 
orbiting inclination over TRMM, from 35° to 65° respectively, rendering more extensive 517 
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latitudinal coverage (Huffman et al. 2017). Additionally, more advanced instrumentation 518 
capable of capturing multiple phases of precipitation is possible through the addition of a 519 
higher frequency radar offering an improved sensitivity to light precipitation as well as to 520 
snow and ice. IMERG integrates algorithms from TMPA, the Climate Prediction Center 521 
morphing technique, and Precipitation Estimation from Remotely Sensed Information 522 
using Artificial Neural Networks. As of the writing of the paper, IMERG extends from 523 
April 2014 to the present, but will be retro-processed to overlap the TRMM era. GPM 524 
IMERG and TRMM 3B42V7 are freely available via the GES DISC.  525 
 526 
2.3: Parameter-elevation Regressions on Independent Slopes Model (PRISM)  527 
PRISM is a climate analysis system that uses point data and a digital elevation model 528 
(DEM) to generate gridded precipitation data (Daly et al. 1994). We utilize the daily 529 
PRISM product, offered on a 0.04° latitude/longitude grid over the CONUS. The PRISM 530 
technique attempts to account for topographic effects using the linear regression between 531 
gauge measurements and the elevation of the gauge taken from a DEM. The gauge 532 
measurements used for interpolation are supplied by various sources including the US 533 
National Weather Service Cooperative Observer Network and the Natural Resources 534 
Conservation Service daily snow pack telemetry gauges. The PRISM product is freely 535 
available from Oregon State University’s PRISM Climate Group portal.   536 
 537 
2.4: Modern-Era Retrospective analysis for Research and Applications, version 2 538 
(MERRA-2) 539 
 540 
The MERRA-2 atmospheric reanalysis product provides 3-hourly precipitation 541 
estimates generated on a 0.625° x 0.5° latitude-longitude grid. MERRA-2 is the latest 542 
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multi-year reanalysis product produced by NASA’s Global Modeling and Assimilation 543 
Office using the Goddard Earth Observing System version 5 (Molod et al. 2015; Gelaro 544 
et al. 2017; Reichle et al. 2017). This product corrects model generated precipitation 545 
estimates with observations, showing marked improvements upon its predecessor 546 
MERRA (Rienecker et al. 2011; Reichle et al. 2017). The method for merging observed 547 
precipitation into MERRA-2 assimilates aerosols and integrates MERRA-Land reanalysis 548 
for correction (Reichle et al. 2017). Estimates are further merged with precipitation 549 
generated by the MERRA-2 atmospheric general circulation model weighted according to 550 
latitude. MERRA-2 is freely available via the GES DISC.   551 
 552 
2.5: North American Regional Reanalysis (NARR) 553 
NARR is based on the regional Eta Model and uses a 3D variation data assimilation 554 
system initialized from lateral boundary conditions provided by the National Centers for 555 
Environmental Prediction (Mesinger et al. 2006). It is freely available through the 556 
National Oceanic and Atmospheric Administration’s Earth System Research Laboratory. 557 
This product is provided at a 3-hourly temporal resolution and a 32km spatial resolution 558 
(Lin et al 1999). Precipitation gauge observations are used to adjust atmospheric moisture 559 
and energy field estimates to improve model-derived precipitation fields.  560 
 561 
2.6: Global Historical Climatology Network (GHCN) 562 
In situ daily observations are from the NCEI Global Historical Climatology Network- 563 
Daily (GHCN-D) product (Menne et al. 2012). This dataset contains comprehensive in 564 
situ climatic data that has undergone extensive quality control procedures to limit 565 
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internal, spatial, and temporal inconsistencies (Durree et al. 2010). For this study, only 566 
gauges reporting at least 90% of days over the period of 1998-2015 are included. The 567 
data are frequently updated and can be obtained freely via the web from the NCEI.  568 
 569 
 570 
 571 
 572 
 573 
 574 
 575 
 576 
 577 
 578 
 579 
 580 
 581 
 582 
 583 
 584 
 585 
 586 
 587 
 588 
 589 
 590 
 591 
 592 
 593 
 594 
 595 
 596 
 597 
 598 
 599 
 600 
 601 
 602 
 603 
 604 
 605 
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Chapter 3: Methodology  607 
3.1: Extreme Precipitation Categorization Scheme 608 
Extreme precipitation three-day totals are grouped into five precipitation categories, 609 
or “P-Cats”, according to their overall accumulated three-day storm total, analogous to 610 
the widely recognized Saffir-Simpson hurricane intensity index. P-Cats are defined as 611 
follows: three-day totals between 100 and 199 mm are assigned to P-Cat 1, between 200 612 
and 299 mm to P-Cat 2, between 300 and 399 mm to P-Cat 3, between 400 and 499 mm 613 
to P-Cat 4, and greater than 500 mm to P-Cat 5 (Figure 1). Three-day storm totals are 614 
defined as the sum of precipitation for that day and the two preceding days such that if a 615 
P-Cat 4 is recorded on January 4th at a given location, the precipitation accumulated over 616 
January 2nd, 3rd, and 4th totaled between 400 and 499 mm. This window is then moved 617 
forward by one day each time step so that the three-day total for each day includes the 618 
sum of that day and the previous two. The use of fixed thresholds here is intuitive and 619 
allows for direct comparisons across regions, unlike percentile-based thresholds 620 
calculated at each grid cell/station. The P-Cat approach is similar to the R-Cat approach 621 
introduced by Ralph and Dettinger (2012) and used operationally by the Scripps Institute 622 
of Oceanography Center for Western Weather and Water Extremes4. Our P-Cats 2-5 are 623 
the same as R-Cats 1-4, however we add an additional lower category. Multi-day totals 624 
have been suggested as the most relevant to regional hydrologic impacts including 625 
flooding and landslides (Ralph and Dettinger 2012). Furthermore, Ralph and Dettinger 626 
(2012) indicate that the three-day window provides the best representation of major 627 
                                               
4 http://cirrus.ucsd.edu/~pierce/rcatalert/ 
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storms, with two-day totals missing storms and four-day periods revealing negligible 628 
differences to three-day periods.   629 
 630 
3.2: Dataset Intercomparison 631 
To assess the effect of observational uncertainty on using the P-Cat approach to 632 
describe and monitor extreme precipitation three-day totals through time and space, we 633 
compare the magnitude and frequency of P-Cats across a five-dataset suite. Magnitude is 634 
assessed by comparing the maximum observed P-Cat at each data point, while frequency 635 
is defined as the average number of P-Cats per year or season. Dataset comparisons are 636 
performed and summarized over the CONUS and over the seven multi-state defined NCA 637 
regions (Figure 2; Easterling et al. 2017). All comparison analyses are performed at the 638 
annual and standard meteorological seasonal scales with winter defined as December, 639 
January, February (DJF), spring as March, April, May (MAM), summer as June, July, 640 
August (JJA), and fall as September, October, November (SON). Comparison is 641 
performed over the period 1998-2015, which is the period of maximum overlap across all 642 
the datasets. Additionally, GPM is compared with TRMM for the years of overlap (2014- 643 
2015). 644 
Results for all the datasets are presented both on their native grid and a common grid 645 
for comparison and to assess the effect of spatial scale on P-Cat frequency and 646 
magnitude. Gridded datasets were regridded, prior to assigning P-Cats, to a common 647 
0.625° x 0.5° grid over the CONUS. This resolution matches that of the coarsest 648 
resolution product included in the study, MERRA-2. To rescale each gridded product, a 649 
linear method of spatial regridding was employed based on Delaunay triangulation (Lee 650 
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and Schrachter 1980; Kang et al. 1997; Liu et al. 2008). The spatial correspondence 651 
between the patterns of the regridded results were quantitatively assessed and 652 
summarized using Taylor diagrams, in terms of the centered root mean squared 653 
difference (CRMSD), standard deviation, and correlation coefficient. To construct a 654 
Taylor diagram, one dataset must be chosen as the reference to measure dataset 655 
similarities and differences against. In all Taylor diagrams here PRISM is used as the 656 
reference dataset, chosen because it is the only gridded dataset based primarily on gauge 657 
data; however, we do not intend to argue that PRISM is truth and immune from bias.  658 
 659 
 660 
 661 
 662 
 663 
 664 
 665 
 666 
 667 
 668 
 669 
 670 
 671 
 672 
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Chapter 4: Results and Discussion   673 
 In this chapter we describe the application of the P-Cat scheme for informing on 674 
extreme precipitation climatology across the suite of observational datasets and discuss 675 
the similarities, differences, and apparent limitations of each product. These results 676 
demonstrate the utility of the P-Cat scheme while also showing that results can vary 677 
considerably depending on which dataset the P-Cat scheme is applied to.  678 
 679 
4.1: Annual Precipitation Climatology 680 
Mean annual precipitation is shown in Figure 3 for the five datasets on their native 681 
resolutions to assess similarities and differences in mean precipitation before evaluating 682 
extremes in subsequent figures. All datasets show similar general regional climatology 683 
patterns with the highest mean precipitation over the mountains of northern California, 684 
Oregon, and Washington and over the Southeast. Using GHCN-D as a reference (Figure 685 
3a), considerable differences across the data suite emerge. First order differences relate to 686 
the representation of the effect of topography on precipitation, with the high-resolution 687 
PRISM (Figure 3b) best resembling GHCN-D over the mountainous West and the lowest 688 
resolution MERRA-2 (Figure 3e) showing the least detail. Spatial resolution is not the 689 
only factor contributing to differences in annual precipitation amount. For example, 690 
TRMM has a notable dry bias relative to GHCN-D across the mountains of the Northwest 691 
despite its relatively high spatial resolution (Figure 3c), likely due to limitations in the 692 
ability of TRMM to measure snowfall (Bharti and Singh 2015). NARR (Figure 3d) has a 693 
broad dry bias over much of the Southeast compared with GHCN-D and the other three 694 
datasets. MERRA-2 is too coarse to resolve most details of individual mountain ranges; 695 
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however, it does show some qualitative similarities with GHCN-D over the coastal 696 
Northwest and northern Rocky Mountains.  697 
 698 
4.2: Maximum P-Cats  699 
Here we present a comparison of the maximum recorded P-Cats across the CONUS 700 
for all datasets. Results are presented for the full year (Figure 4), for DJF (Figure 5), and 701 
for SON (Figure 6). Fall and winter are chosen for seasonal analysis because they are 702 
concurrent with the most widespread occurrence of extreme precipitation totals, spanning 703 
two primary meteorological mechanisms: landfalling atmospheric rivers in the West in 704 
both seasons (Neiman et al. 2008a, 2008b; Ralph and Dettinger 2011, 2012) and 705 
landfalling tropical systems in the Southeast in the fall (Knight and Davis 2009; Knutson 706 
et al. 2010; Kunkel et al. 2010). Results are summarized across seasons and sub-regions 707 
using Taylor diagrams in Figure 7.  708 
Figure 4 shows the maximum P-Cat observed over the entire 18-year record for each 709 
data point. The spatial distribution of maximum observed P-Cats in GHCN-D (Figure 4a, 710 
analogous to Figure 3 from Ralph and Dettinger 2012) generally resembles the 711 
precipitation climatology in Figure 3, with the highest P-Cats coinciding with the highest 712 
annual rainfall. This is supported in the West by the prevalence of high-end P-Cats across 713 
the coastal mountain ranges, the Sierra Nevada and Cascade ranges, and the Transverse 714 
Ranges of southern California. High-end P-Cats are also more prevalent in the Southeast 715 
stretching from Texas eastward to the Carolinas. The maximum P-Cats recorded during 716 
this period are generally much lower across the Great Plains, the desert Southwest, and 717 
the interior western rain shadows.  718 
 17 
Using the GHCN-D station data as a qualitative reference, all datasets capture the 719 
general pattern of relatively high P-Cats in the western mountains and Southeast and low 720 
P-Cats over the Great Plains and Southwest. However, considerable differences are 721 
apparent in extent and magnitude. For example, PRISM shows the most widespread P- 722 
Cat 4 and 5s, consistent with expectations from it having the finest grid resolution. 723 
PRISM also most closely resembles the GHCN-D station data, in a qualitative sense, as 724 
compared with the other datasets and is best able to resolve topographic details. PRISM 725 
shows a multitude of high-end P-Cats over the Southeast, which the other datasets do not 726 
capture, suggesting localized convective precipitation, which is best captured at high 727 
resolution, is the primary culprit. The reduced magnitude of P-Cats in this region in the 728 
coarser datasets may result primarily from spatially smoothing out the localized heavy 729 
rainfall. Supporting the relationship between resolution and high-end P-Cats, TRMM 730 
(Figure 4c) also captures a greater occurrence of high-end extremes compared to lower 731 
spatial resolution datasets, NARR and MERRA-2 (Figures 4d,e).  732 
While regridding reduces some of the P-Cat magnitudes through spatial smoothing, 733 
some differences persist after the datasets are rescaled to a common grid (right column of 734 
Figure 4; i.e. regridded to MERRA-2 resolution). In the case that high resolution is 735 
necessary for capturing processes leading to extreme precipitation totals, such as 736 
localized convection, then it is possible that a high-resolution dataset will maintain some 737 
high-end P-Cats compared with the coarser products. Potentially illustrative of this effect, 738 
PRISM maintains a relatively high number of P-Cat 3-5s after regridding (Figure 4f). The 739 
same effect is apparent for TRMM over the Southeast and Northwest. In addition to 740 
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spatial resolution, other factors may also be important in determining the level of 741 
agreement after regridding, including differences in the ability of the analysis products to 742 
accurately capture land-atmosphere interaction or potential bias and overestimation in 743 
PRISM (Mesinger et al 2006; Bharti and Singh 2015; Molod et al. 2015).  744 
The Taylor diagrams in Figure 7a,b summarize the dataset correspondence for the 745 
CONUS and NCA sub-regions respectively. All datasets show a lower spatial standard 746 
deviation relative to PRISM with TRMM generally falling closest to PRISM across all 747 
seasons over the CONUS. However, TRMM has a greater spread in pattern correlation 748 
resulting in larger CRMSD values compared with NARR and MERRA-2, especially for 749 
DJF and MAM. Both NARR and MERRA-2 cluster closely at the CONUS scale across 750 
the seasonal cycle. More spread is apparent at the sub-region scale (Figure 7b) with all 751 
datasets systematically showing smaller spatial variance than PRISM. The largest outliers 752 
are for the Great Plains North region, where few P-Cats occur, making the sample size 753 
small for comparison. For most sub-regions and most datasets, the spread in agreement is 754 
largely manifested in the standard deviation ratio, with common pattern correlations 755 
between 0.6 and 0.8.  756 
In the same format as Figure 4, the maximum recorded P-Cats for SON are shown in 757 
Figure 5. The highest observed P-Cats captured by GHCN-D (Figure 5a) are over the 758 
Pacific Northwest, central Texas, and the Gulf and Atlantic Coasts of the Southeast. P- 759 
Cat 1 and 2s are common throughout the higher elevations of the West and across the 760 
Midwest through the Northeast. Several examples of Southwest to Northeast oriented 761 
bands of P-Cat 2s as the highest recorded three-day total are apparent in the central US. 762 
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For example, one band extends from northern Illinois to southeastern Michigan. These 763 
coherent bands are indicative of southwest to northeast propagating storm systems, likely 764 
producing heavy rainfall over an extended geography and providing a useful baseline for 765 
comparing the details of the other datasets. In many cases, very high-end P-Cats can 766 
readily be traced to the contributing storm. For example, the high values over eastern 767 
North Carolina are the result of Hurricane Floyd that made landfall in September of 1999. 768 
The similarities between Figures 5 and 4 over the Southeast make it clear that most of the 769 
highest recorded P-Cats in this region occur during SON. 770 
Consistent with previous findings, PRISM captures the greatest magnitude and spatial 771 
extent of high-end P-Cats (Figure 5b), sharing the most similarities with the GHCN-D 772 
results, including the southwest to northeast oriented bands of P-Cat 2s across the 773 
Midwest. PRISM also shows high-end P-Cats in the mountainous regions of Washington 774 
and Northern Oregon and across the coastal Southeast in the same places as GHCN-D. 775 
These features are generally captured in the other datasets, however with lower 776 
magnitudes. In some cases, regional scale details are not similar across the suite 777 
especially in the case of the high-end P-Cats over the Southeast where MERRA-2 and 778 
NARR show varying degrees of dissimilarities with the other datasets. As in Figures 3 779 
and 4, there is a close relationship between spatial resolution and P-Cat magnitude, 780 
however even considering a systematic resolution related bias, some fundamental 781 
differences persist.  782 
After spatial regridding, PRISM and TRMM maintain many high-end P-Cats over 783 
Washington and North Carolina (Figure 5f,g). MERRA-2 and NARR continue to show 784 
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systematically lower P-Cat magnitudes relative to the regridded PRISM and TRMM, 785 
providing further evidence of factors other than resolution being influential on dataset 786 
agreement (Figures 5e,h). In Figure 7c dataset spread is large, especially across the 787 
variance ratio, with TRMM showing the most similar variance to PRISM, while 788 
MERRA-2 often exhibits the highest variation of correlation between 0.5 and 0.9. Note 789 
that we omit results for Great Plains North and Southwest because of the very small 790 
number of grid cells with P-Cats in these regions.  791 
In DJF (Figure 6) GHCN-D shows the most extreme precipitation three-day totals 792 
occurring along the western mountains stretching from northern Washington to southern 793 
California and across the southern Midwest and Southeast (Figure 6a). The intense 794 
precipitation from these North Pacific extratropical cyclones is maximized by the 795 
orographic enhancement of landfalling ARs (e.g. Neiman et al. 2008a, 2008b; Guan et al. 796 
2010, 2013; Ralph and Dettinger 2012). Across the eastern half of the CONUS, high-end 797 
P-Cats are the result of strong midlatitude cyclones that strengthen along the strong 798 
temperature gradients formed by southward excursions of Arctic air masses. Evidence of 799 
these sometimes intense eastward and northeastward propagating storms is suggested by 800 
the southwest to northeast bands of P-Cat 2s throughout the eastern and southeastern 801 
portions of the CONUS. 802 
In agreement with GHCN-D, PRISM shows many of the high-end P-Cats that occur 803 
across the West (Figure 6b). TRMM’s limitations at capturing snowfall are apparent with 804 
considerable under-estimation of the magnitude of P-Cats occurring along the Sierra 805 
Nevada and Cascades (Figure 6c). These results are consistent with Behrangi et al. 806 
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(2014), emphasizing the inherent challenges associated with measuring precipitation in 807 
remote regions, where station data are sparse, orography and fine scale processes are key, 808 
and precipitation type limits the utility of TRMM retrievals. Substantial differences in the 809 
magnitude of P-Cats captured by NARR and MERRA-2 (Figures 6d,e) suggest that grid 810 
resolution may inhibit the ability of a dataset to capture the impact of localized 811 
phenomena, although both datasets capture the broad patterns across the West and 812 
Southeast.   813 
While regridding reduces the overall magnitude of P-Cat intensity in PRISM and 814 
TRMM, both datasets continue to show more P-Cat 3-5s. Over the Southeast, resolution 815 
is not as important at capturing high-end P-Cats, which is consistent with the typical 816 
synoptic-scale storms that result in extreme precipitation here in winter. The Taylor 817 
diagram in Figure 7d shows that TRMM exhibits a higher variance relative to PRISM 818 
over the Southeast, with all other datasets and sub-regions showing roughly half the 819 
spatial variance of PRISM and pattern correlation coefficients between 0.5 and 0.8. Note 820 
that only the Southwest, Northwest, and Southeast are included in Figure 7d due to the 821 
small number of grid cells showing P-Cats in the other sub-regions.  822 
 823 
4.3: Mean Frequency of P-Cat Occurrence  824 
 825 
As for comparison of P-Cat magnitude in the above section, P-Cat frequency, 826 
computed as the number of P-Cats per year/season, is compared across the entire year 827 
(Figure 8), for SON (Figure 9), and for DJF (Figure 10). Differences across the data suite 828 
are also presented as biases, with reference to PRISM, and with results summarized in the 829 
Taylor diagrams in Figure 11. The distribution of the mean frequency of P-Cats in 830 
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GHCN-D (Figure 8a) follows a similar spatial pattern to the occurrence of the highest 831 
magnitude P-Cats in Figure 4, namely that the stations that tend to have the highest 832 
maximum P-Cats also have the highest annual frequency. These areas include the 833 
Southeast and the mountains of the Pacific Northwest and California where annual P-Cat 834 
frequency exceeds 100. In contrast, a large swath of the eastern half of the domain 835 
experiences between 20 and 50 P-Cats annually, while P-Cats are infrequent across the 836 
High Plains and all but the highest elevations of the inland West. In some places, P-Cats 837 
may not necessarily be “extreme” relative to local climatology. For example, over the 838 
mountains of California nearly 100 days out of every year are part of a P-Cat. Therefore, 839 
it is important to note that here we invoke extreme as a descriptor for P-Cats relative to 840 
CONUS-wide precipitation climatology. When frequencies are assessed for low-end and 841 
high-end P-Cats separately, it is evident that P-Cat 1 and 2s make up the vast majority of 842 
P-Cats/year with some areas of the West and Southeast recording as many as 2 high-end 843 
P-Cats/year (not shown). 844 
Compared with GHCN-D, all datasets capture the principal spatial patterns of annual 845 
P-Cat frequency. Qualitatively, PRISM (Figure 8e) most closely resembles GHCN-D, 846 
even capturing many of the small-scale features in areas of complex terrain. The spatial 847 
distribution and frequency magnitudes are quite similar across the eastern half of the 848 
CONUS between GHCN-D and PRISM, with PRISM capturing the area of relatively 849 
high P-Cat frequencies centered on southern Louisiana. TRMM (Figure 8b) also 850 
resembles GHCN-D in general pattern agreement, however the frequency bias map 851 
(Figure 8f) shows higher frequencies across the eastern half of the CONUS and over the 852 
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valleys of the coastal Northwest with lower frequencies across the western mountains, 853 
compared with PRISM. NARR and MERRA-2 both share similarities, with 854 
systematically lower P-Cat occurrence compared with PRISM. NARR shows a greater 855 
frequency of P-Cats across the Sierra Nevada compared with MERRA-2, however both 856 
datasets show considerable negative frequency biases across most of the West.  857 
As with the maximum P-Cat comparisons, the primary difference for P-Cat frequency 858 
in Figure 11a is in the spatial variance. This reflects that all datasets capture the principal 859 
spatial patterns of P-Cat occurrence, but with varying frequency magnitudes. While 860 
TRMM shows similar spatial variability to PRISM at the CONUS scale, for the Midwest, 861 
Southeast, Northeast, and Southern Great Plains, TRMM shows higher spatial variability 862 
at the sub-regional scale, reflecting its positive and negative biases across the East and 863 
West, respectively (Figure 11b). This is not the case for the two reanalyses that show 864 
systematic low variance ratios across all sub-regions.  865 
During SON, GHCN-D shows the highest frequency of P-Cat occurrence in the 866 
Northwest and Southeast with values exceeding 10 P-Cats per season along the coasts of 867 
Washington, Oregon, and northern California as well as in southeast Texas and southwest 868 
Louisiana (Figure 9a). Eastern North Carolina and Virginia also exhibit relatively high 869 
frequencies. There are many commonalities between the frequency map in Figure 9a and 870 
the maximum P-Cat map in Figure 5a, with many of the regions that experience high 871 
values of one also experiencing high values of the other. However, the stations that 872 
exhibit the highest P-Cat frequencies do not necessarily exhibit the highest maximum P- 873 
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Cats. This is evident in some parts of the South and along the Atlantic Coast of Florida 874 
where heavy rainfall is common but does not approach high-end P-Cat magnitude. 875 
Consistent with expectations based on the above results, the higher resolution TRMM 876 
and PRISM (Figure 9b,e) share the most similarities with GHCN-D. PRISM captures the 877 
overall spatial patterns and frequency magnitudes, but it is also capable of resolving small 878 
scale features such as higher frequencies over the southern Appalachian Mountains, over 879 
southern and western Arkansas, and to a lesser degree across the Bitterroot Mountains of 880 
Idaho and Montana. TRMM also resembles the station data in many respects, especially 881 
across the East. Over the Northwest, as in other analyses, TRMM’s limitation at 882 
capturing frozen precipitation likely results in negative biases over the mountains, 883 
however it shows a positive frequency bias across the lower elevations of the coastal 884 
Northwest. NARR and MERRA-2 resemble each other with systematic low frequency 885 
bias across the CONUS (Figs 8f-h). Both reanalysis and TRMM show a positive 886 
frequency bias over a small area of the southern Washington Cascades, with respect to 887 
PRISM, which upon visual comparison with GHCN-D appears to be a shortcoming of 888 
PRISM rather than the other datasets. Similar to other results, TRMM is an outlier in the 889 
Taylor diagram in Figure 11c where four of the NCA sub-regions show similar or greater 890 
spatial variance compared with PRISM. The other datasets tend to show less spatial 891 
variance with pattern correlations generally between 0.6 and 0.9. 892 
During winter (Figure 10a), the P-Cat frequencies are highest across the mountains of 893 
Washington, Oregon, and California with elevated P-Cat frequencies also occurring in 894 
the higher elevations of Idaho, Utah, and Arizona. The high values here, exceeding 10 P- 895 
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Cats/season, are indicative of the frequent passage of midlatitude cyclones and the 896 
influence of orographic lifting. In contrast, the other area of high P-Cat occurrence is a 897 
broad swath of the South and southern Midwest where Gulf of Mexico moisture fuels 898 
heavy rain associated with midlatitude cyclones.   899 
PRISM (Figure 10b) captures mountain ranges across the West and the general 900 
pattern in the East but with a lower frequency in some parts of the South (Figure 10e). 901 
PRISM underestimates the isolated high frequency P-Cats that GHCN-D captures over 902 
the higher terrain of Idaho, Utah, and Arizona. TRMM (Figure 10b) resembles both 903 
PRISM and GHCN-D, but with substantial high frequency biases over the lower 904 
elevations of the West Coast and throughout the East (Figure 10f). TRMM also shows 905 
negative biases along the immediate Pacific Coast, suggesting frozen precipitation is not 906 
the only contributor to the underestimation in the West. TRMM is also the only dataset to 907 
capture a relatively high frequency of P-Cats across the Northeast. A physical 908 
explanation for this widespread bias in TRMM is unclear as it is not consistent with 909 
findings from other seasons or at the annual scale. NARR and MERRA-2 are quite 910 
similar with overall negative frequency biases across the CONUS with the exception of 911 
the western valleys. The fact that TRMM, NARR, and MERRA-2 all show positive 912 
biases in the valleys of the West is suggestive of PRISM underestimating P-Cat 913 
frequencies here. This is qualitatively supported by a visual comparison between GHCN- 914 
D and PRISM frequencies over the Northern Central Valley of California and Willamette 915 
Valley of Oregon. The Taylor diagram in Figure 11d shows how TRMM is a dramatic 916 
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outlier in the Southeast while all other datasets cluster together with small variance ratios 917 
over both the Southeast and Northwest.  918 
 919 
4.4: Annual P-Cat Occurrence 920 
Figures 12-14 show spatially aggregated P-Cat frequencies over time. Here we only 921 
show results for annual frequency at the CONUS scale, for DJF over the Northwest, and 922 
for SON over the Southeast sub-regions (see Figure 2) to capture the regions and 923 
corresponding seasons where high-end P-Cats are most common. In each figure, the left 924 
column shows the number of P-Cats per category on the native grid of each dataset, while 925 
the right column is when the datasets have been rescaled to the MERRA-2 grid. This 926 
means that all things equal, on the left the coarser resolution datasets will have a lower 927 
frequency of P-Cat occurrence compared with the higher resolution datasets simply 928 
because there are more data points in the high-resolution cases. In this sense, the left 929 
column is intended for relative qualitative comparison while the right column compares 930 
datasets with an equal number of data points.   931 
For most years the full range of P-Cats occurs somewhere over the CONUS (Figure 932 
12a). There is also an apparent positive trend in the number of P-Cat 1s over the period of 933 
record while other P-Cats do not display a trend; however, no trend was found to be 934 
statistically significant at the 5% confidence interval using a bootstrapping significance 935 
assessment. Comparing each dataset to GHCN-D, all exhibit a similar positive trend in P- 936 
Cat occurrence and a similar evolution of interannual variability. For example, the year 937 
2000 shows a minimum in P-Cat 2s in all datasets. Consistent with results from Figures 938 
4-11, PRISM (Figure 12b) shows the most high-end P-Cats while NARR and MERRA-2 939 
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(Figures 12d,e) show the least. When compared on a common grid, P-Cat 1 frequencies 940 
are generally comparable across the suite, with the exception of NARR (Figure 12h). 941 
PRISM (Figure 12f) maintains the greatest number of high-end P-Cats further supporting 942 
high native resolution as an important factor in capturing the frequency of very extreme 943 
three-day totals. The coefficients of variation for each P-Cat time series, computed as the 944 
standard deviation of each dataset’s annual frequency divided by its mean, are recorded 945 
in Table 2. All datasets show a greater year-to-year variability in higher-end P-Cats 946 
relative to lower-end P-Cats. For example, GHCN-D has a coefficient of variation for the 947 
annual frequency of P-Cat 5s that exceeds that of P-Cat 1s by a factor of 10.  948 
During SON over the Southeast (Figure 13), GHCN-D shows a high number of P-Cat 949 
4 and 5s occurring during 1998 and 1999 (Figure 13a) with considerable interannual 950 
variability throughout the record. Unlike at the CONUS scale, there is no apparent trend 951 
in any of the P-Cat frequencies. PRISM (Figure 13b) continues to show the greatest 952 
number of high-end P-Cats compared with the other datasets. TRMM also captures 953 
higher-end P-Cats in the early part of the record (Figure 13c), including 1999. NARR and 954 
MERRA-2 (Figures 13d,e) show primarily P-Cat 1 and 2s, with MERRA-2 showing 955 
some P-Cat 3s in 1998 and 1999, suggesting that it realistically represents the high-end P- 956 
Cats captured in the finer resolution datasets but with diminished magnitude due to a 957 
coarser grid. When compared on a common grid, dataset agreement is much stronger, 958 
although NARR stands out as having the lowest P-Cat occurrence, with similar inter- 959 
annual variability. The coefficient of variation results continue to show greater variability 960 
among the most extreme P-Cats across the five-dataset suite (Table 3).   961 
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For DJF in the Northwest sub-region (Figure 14), GHCN-D displays an apparent 962 
positive trend in the frequency of P-Cat 1 and 2s (Figure 14a), both of which also make 963 
up the vast majority of P-Cats. Neither trend is statistically significant. All datasets 964 
except for TRMM agree on the increasing frequency of P-Cat 1s over this time period, 965 
yet considerable differences exist in other aspects of the wintertime frequency of P-Cats. 966 
The differences are most acute when comparing TRMM with other datasets, likely due to 967 
limitations at capturing the high proportion of P-Cats that fall as snow over higher terrain. 968 
GHCN-D and PRISM (Figures 14a,b) show the most qualitative agreement including 969 
with interannual variability and P-Cat trends, with NARR also sharing commonalities in 970 
year-to-year fluctuations (Figure 14d). When compared on common grids, overall 971 
magnitudes of P-Cat 1s are in reasonable agreement across the suite, however interannual 972 
variability is still different in TRMM (Figure 14g) compared with PRISM and NARR 973 
(Figures 14f,h), while MERRA-2 (Figure 14e) and TRMM share commonalities. These 974 
results further suggest using caution when measuring and monitoring extreme 975 
precipitation across areas of complex terrain where orographic effects on precipitation are 976 
key and extremes are often associated with frozen precipitation. The dataset’s annual P- 977 
Cat frequency results for DJF in the Northwest continue to show greater interannual 978 
variability as the P-Cats increase (Table 4).  979 
 980 
4.5: Global Precipitation Measurement (GPM) Intercomparison 981 
 Considering the potential benefits of using remote sensing to continuously monitor 982 
and track extreme precipitation over time, we compare GPM data to its predecessor, 983 
TRMM, in Figure 15. GPM has only been online for a short time, prohibiting a 984 
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comprehensive climatology intercomparison. We therefore leverage the existing overlap 985 
period (April 2014-December 2015) using the maximum observed P-Cats as well as total 986 
observed P-Cat frequency per grid cell/station for comparison. Over this two-year period, 987 
there is some indication that GPM captures more small-scale features and better 988 
represents extremes over the mountainous West (Figure 13d) compared with TRMM 989 
(Figure 13b). These results are likely attributable, at least in part, to GPM’s higher spatial 990 
resolution, but may also be due to improvements in GPM at measuring snow (Hou et al. 991 
2014). This qualitatively brings GPM closer to GHCN-D in most cases with exceptions. 992 
For example, GPM does a poorer job at capturing the band of P-Cat 2s stretching from 993 
northeast Texas through Missouri compared with TRMM and overestimates P-Cat 994 
magnitude over eastern Tennessee and northern Alabama. P-Cat frequencies reveal 995 
similarities between TRMM and GPM (Figure 15d).  996 
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Chapter 5: Summary, Conclusions, and Implications for Future Work  1017 
5.1: Summary and Conclusions  1018 
 Here we present a categorization scheme for monitoring and tracking change in 1019 
extreme precipitation over space and time. The approach assigns a category between one 1020 
and five to three-day storm totals (Figure 2). Intended as a novel way to track extreme 1021 
precipitation as a climate indicator, this tool works to provide a platform for monitoring 1022 
change in extreme precipitation across scales, datasets, time, and geography by 1023 
leveraging high-resolution satellite-based gridded precipitation data over the CONUS. 1024 
Comparison of a diverse suite of high resolution gridded and in situ datasets across the 1025 
CONUS revealed inconsistencies in extreme precipitation climatology suggesting data 1026 
choice matters when tracking trends and monitoring change. Furthermore, the P-Cat 1027 
scheme proves a useful and intuitive way to assess observational uncertainty across a 1028 
wide range of precipitation estimation techniques. 1029 
 Specific to this dataset intercomparison, all gridded datasets captured the principal 1030 
spatial patterns of mean annual precipitation climatology, with primary differences 1031 
related to grid resolution and its impact on resolving influential orography (Figure 3). 1032 
Focusing on extremes, the magnitude (Figures 4-7) and frequency of P-Cats (Figures 7- 1033 
11) are assessed using the P-Cat scheme as a metric for intercomparison. In general, the 1034 
higher resolution datasets more closely resemble gauge data across the CONUS and 1035 
seasons. Specifically, PRISM shares many detailed commonalities with station data, 1036 
while the next highest resolution dataset, TRMM, is also similar overall. NARR and 1037 
MERRA-2 reanalysis show systematically lower magnitude and frequency of P-Cats 1038 
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across the CONUS and seasonal cycle. TRMM shows systematically lower P-Cat 1039 
magnitudes and frequencies across the mountains of the West during fall and winter 1040 
when a large portion of precipitation falls as snow, consistent with known limitations of 1041 
TRMM at capturing frozen precipitation. When all datasets are upscaled to a common 1042 
coarser grid, differences persist but are reduced. The annual occurrence of P-Cats shows 1043 
similar differences across the suite, with a general positive relationship between grid 1044 
resolution and the number of P-Cats (Figures 12-14). Preliminary assessment of GPM, 1045 
the follow-on satellite product to TRMM, suggests some potential improvements over 1046 
TRMM in capturing frozen precipitation and fine scale extremes (Figure 15). Ultimately, 1047 
results suggest satellite data show promise in capturing the overall patterns of heavy 1048 
precipitation climatology, which could lead to improved monitoring in regions with 1049 
sparse ground observations.  1050 
 The effect of spatial scale on the ability of a dataset to capture high-end P-Cats is in 1051 
general not surprising. At coarser resolutions, extremes are reduced through spatial 1052 
smoothing, leading to a systematic contraction of the tails of the distribution. However, 1053 
after regridding to a common coarser grid, the datasets with the highest native spatial 1054 
resolution generally continue to show the highest magnitude and frequency of P-Cats. 1055 
This is suggestive of two things. First, a dataset being produced at high resolution allows 1056 
it to capture extremes in both magnitude and frequency that simply could not be captured 1057 
at a coarser grid. In this sense, even though regridding may reduce the magnitude of 1058 
extremes through spatial smoothing, datasets that were originally at a high resolution 1059 
would still maintain higher-end extremes than datasets originally at a lower resolution. 1060 
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The second likely contributor to this difference is that grid resolution is not the only 1061 
factor influencing the level of similarity or dissimilarity between products. In the case of 1062 
this study, all datasets are produced using different approaches to assimilate and/or 1063 
interpolate data. These differences are likely to be manifested as particularly acute when 1064 
assessing extreme precipitation, which is inherently rare, occurs at small scales, and is 1065 
often influenced by orography; all processes that are challenging to observe and 1066 
assimilate. 1067 
 1068 
5.2 Limitations and Caveats 1069 
 We acknowledge some assumptions and limitations in our methodology. First, the use 1070 
of fixed thresholds for the entire CONUS is intended to highlight the heaviest 1071 
precipitation three-day totals across the domain in an intuitive way. As such, some drier 1072 
regions do not record P-Cats, even though smaller totals may be considered impactful 1073 
relative to the local climatology. The synoptic scale of measurement also captures totals 1074 
at a temporal scale often associated with impacts such as flooding and landslides (Ralph 1075 
and Dettinger 2012) but does not distinguish between shorter and longer duration totals. 1076 
This may be impactful for lower-end P-Cats that could result from short duration extreme 1077 
convective events associated with different impacts than longer duration synoptic events. 1078 
It is possible that a single storm may be counted more than once due to the moving three- 1079 
day window used to construct the P-Cat scheme. While spatial regridding is used to 1080 
compare the datasets on a common grid, regridding inherently introduces some bias that 1081 
may be more acute at the tails of the distribution. As such, details of results could be 1082 
sensitive to the regridding approach, although we would not expect the overall 1083 
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conclusions to be altered by such sensitivity. Additionally, the Taylor statistics, used to 1084 
quantify the degree of pattern correspondence among the products, do not account for 1085 
spatial autocorrelation which has the potential to influence the results. Finally, while we 1086 
include the five datasets here in effort to capture a range of measurement methods while 1087 
focusing on high resolution products, this analysis could be extensible to other 1088 
observations. 1089 
 1090 
5.3:  Broader Implications and Future Direction 1091 
 Overall, the P-Cat gridded data categorization scheme introduced here offers several 1092 
opportunities for future research, including refinement of the technique as well as ways to 1093 
monitor and track extreme precipitation over time. As a target for climate model 1094 
evaluation, the P-Cat approach would provide a novel measure of model skill at 1095 
realistically simulating extreme precipitation climatology. While the P-Cat scheme is 1096 
intuitive in that it utilizes a single fixed threshold for each category, a flexible set of P- 1097 
Cat thresholds that can be customized for a given dataset could also benefit dataset 1098 
evaluation. The P-Cat scheme is also well-designed for assessing future projections of 1099 
changes in extreme precipitation totals in climate models. As an intuitive monitoring tool, 1100 
it has the opportunity to offer regionally relevant information about extreme precipitation 1101 
climatology useful to a number of stakeholders and decision makers, including urban 1102 
planners and environmental managers. Ultimately, the P-Cat approach is easily extensible 1103 
to other regions of the world, facilitating temporal and spatial tracking and monitoring of 1104 
extremes, dataset intercomparison, model evaluation, and future change assessment. 1105 
 1106 
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 1107 
Agency 
Source 
Dataset  Spatial 
Resolution  
Temporal 
Resolution 
Data Source Reference 
NASA TRMM Tropical 
Rainfall 
Measuring 
Mission  
0.25° x 0.25° 3-hourly Satellite Huffman 
et al. 
(2007) 
NASA GPM Global 
Precipitation 
Measuring 
Mission  
0.1° x 0.1°  30-minute Satellite Hou et al. 
(2014) 
OSU PRISM Parameter-
elevation 
Regressions on 
Independent 
Slopes Model  
0.04° x 0.04°  Daily Gridded in 
situ station 
data 
Daly et al. 
(1994) 
NASA MERRA-2 Modern-Era 
Retrospective 
analysis, 
version 2 
0.625° x 0.5°  3-hourly Global 
reanalysis 
Gelaro et 
al. (2017) 
NCEP NARR North 
American 
Regional 
Reanalysis 
32 km x 32 km 3-hourly Regional 
reanalysis 
with gauge 
assimilation  
Mesinger 
et al. 
(2006) 
NOAA GHCN-D Global 
Historical 
Climatology 
Network 
 Daily In situ station 
data 
Menne et 
al. (2012) 
 1108 
Table 1. Datasets used in the intercomparison and the associated specifications. 1109 
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 1113 
 1114 
 1115 
 1116 
 1117 
 1118 
 1119 
 1120 
 1121 
 1122 
 1123 
 1124 
 1125 
 1126 
 1127 
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Coefficients of Variation                                                                                                  
Annual P-Cat Frequency: CONUS                                                                                
 P-Cat 1 P-Cat 2 P-Cat 3 P-Cat 4 P-Cat 5 
GHCN-D 0.0835 0.2429 0.4011 0.8138 1.2412 
PRISM 0.1029 0.3006 0.6062 0.9093 1.3144 
TRMM 0.1405 0.4684 1.266 2.1452 3.9733 
NARR 0.1595 0.5436 1.3027   
MERRA-2 0.253 0.8748 2.4149   
 1128 
Table 2. Dataset’s coefficient of variation values for each P-Cat’s annual frequency 1129 
across the CONUS.  1130 
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Coefficients of Variation                                                                                   
SON P-Cat Frequency: Southeast                                                                          
 P-Cat 1 P-Cat 2 P-Cat 3 P-Cat 4 P-Cat 5 
GHCN-D 0.4114 0.7065 0.9702 1.5806 2.4336 
PRISM 0.4526 0.7257 1.2772 1.7735 2.1558 
TRMM 0.539 0.6824 1.7924 2.9138 3.9733 
NARR 0.5587 1.1197 4.1477   
MERRA-2 0.6349 1.1265 2.5196   
 1161 
Table 3. Same as in Table 2 except for SON and only over the Southeast sub-region. 1162 
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Coefficients of Variation                                                                                                 
DJF P-Cat Frequency: NW                                                                                             
 P-Cat 1 P-Cat 2 P-Cat 3 P-Cat 4 P-Cat 5 
GHCN-D 0.1708 0.4533 1.1307 2.4443 4.2136 
PRISM 0.1811 0.4614 0.8834 1.53 1.8329 
TRMM 0.4746 1.2636 3.9733   
NARR 0.314 1.2117 2.2976   
MERRA-2 0.5393 2.3924    
 1196 
Table 4. Same as in Table 2 except for DJF and only over the Northwest sub-region.  1197 
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 1227 
Figure 1. P-Cat thresholds and associated colors used in subsequent figures.  1228 
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Figure 2. The seven NCA sub-regions and the associated abbreviations.  1260 
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 1284 
Figure 3. Average annual precipitation over the period of 1998-2015. Results are for (a) 1285 
GHCN-D, (b) PRISM, (c) TRMM, (d) NARR, and (e) MERRA-2.   1286 
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a) GHCN-D 
b) PRISM e) MERRA-2 
d) NARR 
c) TRMM   
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 1298 
 1299 
Figure 4. Maximum observed P-Cat at each grid point over the 1998-2015 period. (a-d) 1300 
Maximum P-Cats on native grid, (e-h) maximum P-Cats on common MERRA-2 grid. 1301 
a) GHCN-D 
b) PRISM 
c) TRMM 
d) NARR 
e) MERRA-2 
f) PRISM* 
g) TRMM* 
h) NARR*  
 42 
Regridded datasets are indicated with an asterisk. Color scale is as in Figure 1. Un-shaded 1302 
grid cells indicate that no P-Cat has occurred during the data record.  1303 
 1304 
 1305 
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 1306 
 1307 
Figure 5. Same as in Figure 4 except for SON.  1308 
 1309 
 1310 
 1311 
 1312 
 1313 
a) GHCN-D 
b) PRISM 
c) TRMM 
d) NARR 
e) MERRA-2 
f) PRISM* 
g) TRMM* 
h) NARR*  
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 1314 
 1315 
Figure 6. Same as in Figure 4 except for DJF.  1316 
 1317 
 1318 
 1319 
a) GHCN-D 
b) PRISM 
c) TRMM 
d) NARR 
e) MERRA-2 
f) PRISM* 
g) TRMM* 
h) NARR*  
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 1320 
 1321 
 1322 
Figure 7. Taylor diagrams quantifying the spatial correspondence of the maximum 1323 
observed P-Cats for TRMM, MERRA-2, and NARR relative to PRISM. Results are for 1324 
(a) the CONUS annually and seasonally and relevant NCA sub-regions (b) annually and 1325 
seasonally for (c) September, October, November and (d) December, January, February. 1326 
Each dataset is labeled by a symbol with each season and sub-region assigned a color as 1327 
a) Annual and Seasonal: CONUS  b) Annual: Sub-Regions  
c) SON: Sub-Regions  d) DJF: Sub-Regions  
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defined in the legends in the top two panels. The x and y axes correspond to the standard 1328 
deviation ratio between the indicated dataset and PRISM. The radial axis is the pattern 1329 
correlation, and the distance between the symbol and the PRISM location is proportional 1330 
to the centered root mean squared difference between the spatial field of the maximum P- 1331 
Cats of the indicated dataset and PRISM, normalized by the spatial standard deviation of 1332 
the PRISM field. 1333 
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 1361 
Figure 8. (a-e) Mean annual frequency of P-Cat occurrence over the 1998-2015 record, 1362 
(f-h) the frequency bias is recorded as the difference between the mean annual frequency 1363 
a) GHCN-D 
b) TRMM 
c) NARR 
d) MERRA-2 
e) PRISM 
f) TRMM* 
g) NARR* 
h) MERRA-2*  
  
 P-Cats/yr. 
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of P-Cat occurrence in the indicated dataset and PRISM. Frequencies are recorded as the 1364 
number of P-Cats per year. Regridded datasets are indicated with an asterisk.   1365 
 1366 
 49 
 1367 
 1368 
Figure 9. Same as in Figure 8 except for SON.  1369 
 1370 
a) GHCN-D 
b) TRMM 
c) NARR 
d) MERRA-2 
e) PRISM 
f) TRMM* 
g) NARR* 
h) MERRA-2*  
  
 P-Cats/yr. 
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 1372 
Figure 10. Same as in Figure 8 except for DJF.  1373 
 1374 
a) GHCN-D 
b) TRMM 
c) NARR 
d) MERRA-2 
e) PRISM 
f) TRMM* 
g) NARR* 
h) MERRA-2*  
  
 P-Cats/yr. 
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 1376 
Figure 11. Same as in Figure 7 except for the mean frequency of P-Cat occurrence 1377 
patterns.  1378 
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 1384 
a) Annual and Seasonal: CONUS  b) Annual: Sub-Regions  
c) SON: Sub-Regions  d) DJF: Sub-Regions  
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a) GHCN-D 
b) PRISM 
c) TRMM 
d) NARR 
e) MERRA-2 
f) PRISM* 
g) TRMM* 
h) NARR* 
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Figure 12. Annual frequency of observed P-Cats over the 1998-2015 period. (a-d) Annual 1386 
frequency of P-Cats on native grid, (e-h) annual frequency of P-Cats on common grid. 1387 
Regridded datasets are indicated with an asterisk. Gray bars represent P-Cat 1, green P- 1388 
Cat 2, yellow P-Cat 3, orange P-Cat 4, and red P-Cat 5 as in the legend in Figure 1. 1389 
Results are plotted on a log scale. 1390 
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Figure 13. Same as in Figure 12 except for SON and only over the Southeast sub-region.  1428 
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Figure 14. Same as in Figure 12 except for DJF and only over the Northwest sub-region.  1473 
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 1516 
Figure 15. Maximum observed P-Cats during April 2014-December 2015, the 1517 
TRMM/GPM overlap period. Results are for (a) GHCN-D, (b) GPM, (c) TRMM, (d) P- 1518 
Cat frequency per grid cell/station observed over the time record. 1519 
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